Mapping the spatial distribution of organic soil is important for decision making in land management. Organic soil types have a strong effect on carbon storage, water availability and quality, biodiversity and many other ecosystem services. A large proportion of Scotland's soil is organic, and is classed as peats or organomineral. Existing soil maps for Scotland include a 1:25 000 map of eastern and southern parts of the country that identifies the major soil subgroup at each location, or a 1:250 000 map covering the whole country that gives proportions of the major soil group within mapping units. A detailed map of the organic soils of Scotland that disaggregates these mapping units is therefore required. Existing data were used from several Scottish soil surveys and remote sensing data (Landsat 8) to develop a model for predicting whether a site has mineral, organomineral (mineral with peaty topsoil) or organic (peat) soil. The model was applied across Scotland at a grid resolution of 100 m. Predictive accuracies of 68.1% (mineral), 61.3% (organomineral) and 81.8% (organic) were obtained, with an overall prediction accuracy of 69.8%. Training the model with two classes only, non-organic (including mineral and organomineral) and organic, gave accuracies of 83.9 and 93.6%, respectively, and an overall accuracy of 86.4%. A map of prediction confidence was also produced. The results show how the approach can be used to disaggregate the existing map units and predict mineral and organic soils at locations within a map unit. The map is being used to prioritize monitoring efforts in catchments across Scotland.
Introduction
Mapping the spatial distribution of peat soil is vital for decision making in land management. Peat has a strong effect on carbon storage, water availability and quality, biodiversity and many other ecosystem services. It is also sensitive to land use and land cover change, and has been affected historically by management practices such as peat cutting or drainage for agriculture. It is important, therefore, to map peats not only to assess the benefits gained from them, but also to determine the risk associated with potential carbon loss from such a delicate system. Biancalani & Avagyan (2014) described the need to map peatlands for carbon accounting and the identification of suitable areas for conservation practices. Here, I
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Disaggregation (a common term in digital soil mapping to describe the separation of mixed map units into more specific and spatially explicit information) of existing soil map units in terms of peat distribution is important because it enables soil functions based on soil profile characteristics to be mapped, rather than specific properties at specific depths. It also provides information about the spatial distribution of peat within map units and catchments, and can be used to determine how fragmented or cohesive (and how vulnerable) peat stocks are within a geographical area. The spatial distribution of peat will also have an effect on soil hydrology within a catchment, which is useful for catchment management.
The definition of peat in Scotland's soil survey is an organic horizon of greater than 50-cm thickness. The mapping of peat and other soil types in Scotland has historically involved field survey and delineation using landscape formations, combined with core sampling (Macaulay Institute for Soil Research, 1984) . Recently, the use of geographic information systems (GIS) for mapping soil has increased (James Hutton Institute, 2016) . Peat and mineral soil with an organic horizon can be distinguished from observations of the vegetation by surveyors (Macaulay Institute for Soil Research, 1984) or by direct sampling of organic horizon thickness. During the last 30-40 years, remote sensing has been combined with expert interpretation to delineate areas of peatland vegetation (e.g. the Land Cover of Scotland 1988 survey). Expert knowledge of the processes and conditions for peat formation was vital for this. These necessary conditions include constant or near-constant soil saturation, for which high rainfall, low temperature and shallow slopes are prerequisites. Also important in Scotland is the presence of sphagnum vegetation, which provides an effective water store even when the plant is dead and which does not decompose readily.
Many approaches can be applied to mapping peat under the general framework of digital soil mapping (DSM). Multinomial logistic regression (Kempen et al., 2009 ) has been applied successfully, and Kempen et al. (2012) compared several geostatistical approaches with conventional soil mapping to show that geostatistics produced comparable results much more efficiently. Automated classification of land cover from remote sensing has improved recently, and DSM techniques have been integrated with remotely sensed data for soil mapping. Stove & Hulme (1980) provided one of the first examples of this approach to peat in Scotland; they assessed the integration of Landsat and aerial photography imagery for surveying peat. Sheng et al. (2004) used field survey data, satellite imagery and covariate data (several legacy peat and wetland maps) to map the extent of peat in western Siberia. Kumpula et al. (2004) used Landsat 5 data to map land cover and distinguish peat in the eastern Tibetan Plateau. Akumu & McLaughlin (2014) also used SPOT 5 imagery to delineate and classify peat with some success.
The examples cited above aimed to determine how effective their data sources were for mapping peat. It is recognized that multiple datasets, if brought together appropriately, can provide more accurate maps than a single dataset. For example, Connolly et al. (2007) demonstrated that the integration of data from several sources produced more accurate and useful maps of peat in Ireland than the use of single datasets. Li & Chen (2005) integrated Landsat data, Radarsat imagery and digital elevation model (DEM) data to map the extent of peat over a large area of Canada; the result was more accurate than with the individual remote sensing sources.
The use of combined data sources has been shown to improve maps of peat classes and of peat presence or absence. Dabrowska-Zielinska et al. (2009) showed that a combination of remote sensing approaches improved assessment of peat extent and condition, including the vegetation characteristics, soil moisture and drainage patterns. Yoshino et al. (2010) combined remotely sensed imagery, elevation (SRTM, Shuttle Radar Topography Mission) data, existing land cover and digital soil maps to assess the distribution of types of land cover and extent of degradation on peats in southeast Asia. Moderate resolution imaging spectroradiometer (MODIS) data might also be able to improve results for mapping carbon stocks (Poggio & Gimona, 2014) .
Mapping of presence or absence of peat is important, but there are individual characteristics of peat soil that are also important. This has led to an interest in mapping peatland classes, which is more difficult than discriminating between peat and non-peat soil because of spectral similarities between the vegetation classes of peat. Stove (1984) used Landsat data and principal component analysis to discriminate between peat classes in Scotland. This used a single Landsat scene, which would require scene-by-scene calibration and so would be difficult to implement at a national scale. More recently, Brown et al. (2007) used Landsat 6 data to map the extent and types of peat across the Isle of Lewis in Scotland. They showed that identification of different types of peat with these data alone was difficult, but the extent of peat could be mapped effectively.
Neural network models (a computational analogy of biological learning systems) have been shown to be effective for mapping soil characteristics, especially where several datasets are used as inputs to the model. For example, they can link soil map units and environmental spatial covariates for digital soil mapping (de Arruda et al., 2013; Bodaghabadi et al., 2015) . Of particular relevance to the current study, Zhao et al. (2010) used neural networks with DEM-derived properties and soil attribute data to map soil organic carbon, and Aitkenhead & Coull (2016) used a neural network model to estimate soil organic matter content and bulk density with the Scottish soil survey data. Neural networks are particularly suitable for large, noisy datasets that have several input properties whose relations to the modelled properties are not well understood. They are also easy to implement and computationally cost-effective for mapping soil characteristics.
The primary objective of this research was to develop a neural network model for mapping peat across Scotland with combined Landsat 8 imagery and spatial covariates (topography, climate, existing soil and land cover maps, geology). This aims to disaggregate peat and non-peat in the existing Scottish soil map units, which provide estimated percentages of soil type for each map unit, but no information on their spatial distribution. The second objective was to discriminate between mineral, organomineral and organic (peat) soil. The effectiveness of Landsat 8 data for these two purposes compared with the use of spatial covariates alone was also investigated. A final aim was to determine whether estimates of the spatial distributions of mineral and organic soil could be provided within map units of the existing 1:250 000 soil map of Scotland.
Materials and methods

Soil data
The soil data used were from the National Soil Inventory of Scotland (NSIS1) dataset, which is a collection of physical samples of Scottish soil types and their associated analytical data. Soil and site conditions at 721 locations throughout Scotland were sampled on a 10-km grid, aligned with the National Grid of Great Britain (Lilly et al., 2010) . Samples were taken at several depths from soil pits and analysed to determine their physical and chemical properties. The data provide good estimates of means and regional variation in a range of soil properties and attributes that underpin the soil classification for Scotland. Table 1 shows the percentage of the NSIS sample points that are on different land cover classes, elevation and slope ranges.
Between 1948 and 1987, the Soil Survey of Scotland produced a comprehensive database (Lilly et al., 2004) , which formed the basis for the Scottish Soil Database (Macaulay Institute, 1984; Brown et al., 1987) . The database now contains soil profile descriptions, and includes mineralogical, spectroscopic and chemical trace element data for many of these sample points.
Dataset development
For each of the 721 locations in the NSIS dataset (sampled 1978-1987) , it is possible to determine whether the soil is mineral, organomineral (mineral with peaty topsoil) or organic. Examples of mineral soil types (Major Soil Subgroup class) include lithosols, subalpine podzols or gleyed rankers (there were 335 mineral soil sites in total). Examples of organomineral soil (of which there are 199 in the dataset) include peaty podzols, peaty gleys or peaty alluvial soil (organic horizon of considerable depth, but less than 50 cm thick). Examples of organic soil (187 in the dataset) include eutrophic, mesotrophic or dystrophic flushed peat. Table 2 lists the Major Soil Subgroup classes of relevance (organic or organomineral) in relation to the WRB (World Reference Base) soil classification (FAO, 2015) , where the first or second qualifier is Histic or the WRB reference soil is Histosol. All other MSSGs (Major Soil Subgroup) in the Scottish Soil Classification System classes were categorized as mineral.
The following spatial covariates were also included in the analysis:
• Ordnance Survey 50-m resolution Panorama DEM.
• Land Cover Map 2007 (Morton et al., 2011) . Minimum mappable unit area of 0.5 ha.
• Land Cover of Scotland 1988 (MLURI, 1988 Matthews et al., 1994) .
• Geological class, derived from parent material information on soil mapping units in the Scotland Soil Map.
• Landsat 8 Data Continuity Mission (DCM) imagery (30-m resolution, Glovis download data centre).
From the DEM, a further seven topographic spatial covariates were generated. These included slope, overall curvature (second derivative of the DEM), profile curvature (curvature along maximum slope) and plan curvature (perpendicular to the maximum slope), aspect, aspect from north and aspect from east. These last two are the minimum angle between the actual aspect and north and east, respectively, and provide values for aspect that do not have a large discontinuity between values slightly east and slightly west of north. Twenty-four meteorological spatial covariates (monthly mean temperature and rainfall) were used; however, some of these properties are strongly correlated and it would possibly have been more efficient to reduce these.
For the LCM2007 and LCS88 datasets, a reduced categorization was generated with 10 classes only (Table 3) , and a separate map could be generated for each class type for the two land cover maps.
The broad categorization of land cover used enabled both LCM2007 and LCS88 maps to be conflated into a consistent system. Cover classes included: arable, improved grassland, rough grassland, heath, peat, bare ground, water, montane, coniferous forest and deciduous forest. The reasons for using two land cover maps were (i) the LCS88 map was considered accurate at the time of its development, but is now almost 30 years old and land cover will have changed at some locations and (ii) the LCM2007 is more recent, but has known errors for peat vegetation. An evaluation of the two maps showed that at over 90% of locations the broad land cover category was the same.
Inclusion of data from the soil map unit as an input to the model was not considered circular in the modelling because these data derive from mosaics of several classes; the percentage presence of each class is given for the map unit as a whole. Map unit polygons with larger percentages of peat presence do contain a greater proportion of the peat profiles in the NSIS 10-km dataset, but 22% of these profiles occur in polygons that are identified as having no peat, whereas 27% occur in polygons that are identified as 100% peat. The remaining 51% occur in polygons for which the estimated peat presence is between 20 and 70%. Therefore, over a fifth of the peat profiles occur in map units that are estimated to have no peat and more than half occur in polygons where the spatial distribution of the peat is not known. Of the more than 20 000 polygons in the Scottish Soil 1:250 000 map, only 30 are smaller than 1 ha, whereas the largest is over 53 000 ha; the average polygon area is 380 ha. The model described below was used to map peat at 100-m resolution (1 ha per cell).
In addition, the use of land cover data (within which there is a peatland vegetation class) was not considered circular in the modelling. Comparison of the LCS88 dataset with the soil profile sample points showed that 4.4% only of the sample points identified as non-peat were in LCS88 polygons identified as peat, whereas 63.8% of the peat sample points were identified as being in non-peat polygons. The majority of the misclassification was under heath, but peat was also found in areas identified as rough grassland, coniferous forest and montant land cover. For the LCM2007 dataset, the misclassification of peat soil under heathland vegetation was even greater. Therefore, a null hypothesis that existing land cover maps could be used to predict peat location would not be valid. The Landsat 8 data are at 30-m pixel resolution and are georectified when received from the Glovis download data centre (http://glovis.usgs.gov/). Landsat 8 is the latest of the Landsat platforms; it has a larger number and range of spectral bands, and greater resolution within each band than the earlier Landsat platforms. The two sensors, OLI (Operational Land Imager) and TIRS (Thermal Infrared Sensor), cover the blue end of the visible spectrum from 0.43 to 12.51 μm in 11 bands (one band is a relatively broad-wavelength panchromatic band). Data from Landsat 8 were used because it is of relatively high resolution, is of high quality and freely available to download.
Each Landsat 8 'scene' is approximately 6000 × 7000 pixels (170 km × 180 km); the scenes overlap one another to prevent gaps. Where possible, cloud-free scenes were acquired. Where clouds were present, data from neighbouring and overlapping scenes that were cloud free were used. Complete cloud-free cover for the entire country was not possible; an estimated 2.4% of the total For the LCS88 classification system the reader is referred to the James Hutton Institute website containing this information (http://www.huttonltd .com/products/digital-data-products-for-lease/land-cover-of-scotland-1988-(lcs88)-codes.aspx).
area was covered by cloud. The image data were from 2013 and were recorded between 9 June and 20 July. All 11 bands were used, rather than indices such as normalized difference vegetation index (NDVI). This was because the neural network model used can automatically develop optimal or near-optimal relations between input properties and so generate indices or ratios and more sophisticated combinations of inputs automatically. Each of the above spatial covariates (including the remotely sensed data) was adjusted to provide 100-m resolution data, and was edited so that it had the same number of rows and columns (i.e. the same range of eastings and northings) and the same origin [0,0] location. This made it possible to determine the relevant Where a spatial covariate had a coarser spatial resolution than 100 m (e.g. temperature and rainfall monthly means), it was subsampled to 100-m resolution without interpolation by simply using the nearest grid cell to each 100-m location. Where a covariate had a finer resolution than 100 m (e.g. the land cover maps), the nearest cell to each 100-m location was selected and used to represent that 100-m grid cell. The reasons for selecting a 100-m resolution were that (i) it matches closely the spatial resolution of other DSM research being carried out internationally and (ii) the spatial resolution of available datasets corresponds to approximately 100 m in many cases. For each spatial covariate, the values at each of the NSIS sample locations were determined. To obtain a distribution closer to normal than those given by the original values, the values were adjusted using a power law relation. The method used was similar to that carried out in the Box-Cox transformation; the power transform parameter was selected to minimize the variance in the variable values. Most variables, such as monthly mean temperature and rainfall, presence or absence of land cover classes, percentage of soil class and geological class did not require transformation. Topographic properties such as elevation, curvature and slope required transformation because their distributions were skewed towards zero, and the effects of differences at small values might be amplified (e.g. small changes in slope on relatively level ground would have a large effect on site hydrology). Table 4 lists the input properties used.
Model training and testing
The model used to predict presence or absence of peat and other attributes was a backpropagation neural network (Bishop, 1995) . This was trained by a k-fold cross-validation approach (Picard & Cook, 1984) , with a value of 10 for k. This approach subdivides the training data into k equally-sized subsets, with membership of each subset selected at random. A total of k models were then developed, and each model was trained with k − 1 subsets and tested with the remaining subset. A different test subset was applied to each of the k models. This meant that (i) all of the available data were used for training, therefore the validation was robust and statistically valid and provided an accurate assessment of model performance, (ii) overfitting of the models can be avoided because the training and test data were different for each model and (iii) a total of k models were then available to provide an averaged 'consensus' output on estimates in later applications (such as mapping); the consensus approach produces more accurate predictions than a single model. The reliability of this modelling approach was also investigated by retraining the network with the above k-fold cross-validation, but with 10% of the data selected randomly and withheld from the training process. This withheld sample was then used to test the model after training.
Training was carried out with the backpropagation gradient descent algorithm, one of the most commonly used neural network training approaches (Bishop, 1995) . Repeated exposure to randomly selected members of the training dataset with a learning rate of 0.05 and a momentum rate of 1 was used; these values were selected by trial and error and personal experience with this kind of model. Training was carried out for 100 000 iterations, and at every 1000 iterations the models were tested to evaluate their accuracy. During testing, the greatest accuracy for all models was achieved between 8000 and 14 000 iterations; the accuracy declined afterwards and overfitting became evident. A set value of 10 000 training steps was used for the final models.
The neural network architecture was of the form X:H:H:Y, where X was the number of input nodes, H was the number of hidden nodes in each of two hidden layers and Y was the number of output nodes. The number of input nodes, X, equalled the number of input properties used, and the number of output nodes, Y, equalled the number of output properties. The number of hidden nodes, H, was varied between 5 and 50 in increments of 5; there was improvement to H = 20, but there was no noticeable improvement above this number and processing time increased. For prediction of the presence or absence of peat the number of outputs was two, whereas for mineral, organomineral or organic status it was three. The number of inputs was 11, 80 or 91 depending upon whether Landsat image data were used alone, covariate data were used alone or a combination of both was used, respectively.
A receiver operating characteristic (ROC) curve was generated for the most successful presence or absence peat model. Because the model had two outputs rather than one on which a threshold could be applied, to derive the ROC curve a distinction was made between a false-positive or true-positive by dividing the weight for the output node corresponding to peat by the total weight for both output nodes. The threshold value was varied and used to determine true or false-positive counts.
Assessment of the use of component datasets
Three predictive models were trained: one with Landsat imagery data, one with covariate data and one with both the Landsat and covariate data as inputs. The aim was to evaluate the different types of data for predicting peatland class and to determine whether Landsat or covariate data alone could provide acceptable predictive accuracy. The same model design specified above was used in each case; different numbers of input nodes were the only difference between models. In each case, precision (also termed recall; defined as the proportion of relevant instances that are correctly identified) and Cohen's kappa coefficient were determined as indicators of model performance.
Mapping peatland classes
The most accurate models for predicting presence or absence of peat and organic status were used to produce maps of Scotland. The models were applied to each 100-m grid cell for which all data input values existed (some small areas of western Scotland were missed out because of gaps in the climate data). At each location, the model output class with the largest weight was taken to be the predicted class. In addition, a map of uncertainty was produced in each case by subtracting the class weight with the second largest value from that with the largest value. This difference in weights is greater when there is a clear 'winning' class, and is taken to mean that there is greater confidence in the prediction. Where the difference is smaller, there is less confidence in the classification given. The result of this procedure is a spatially explicit dataset that provides information about the predicted location of peat and non-peat soil within Scotland.
Results
Model training and testing
Testing of the two-output model (peat and non-peat) with all 91 input properties gave a predictive accuracy of 83.9% for non-peat and 93.6% for peat. The overall accuracy for the whole dataset was 86.4%. Testing of the model that was trained with 10% of the data withheld gave similar results (84.8 and 92.3% for non-peat and peat, respectively). With confirmation that the k-fold cross-validation approach provided similar results with and without withholding a proportion of the data, the model trained with 100% of the data was used for mapping. This ensured that as much of the data as possible was used to train the model and to maximize representativeness of the system being studied. Figure 1 shows the distribution of weights that were given to the data by the trained model, as proportions of the total dataset. A small weight indicates that the output node for that soil type was given a small value and was therefore less likely to be identified as being at that site. A larger value indicates the opposite and a greater likelihood of identification. The distribution of weights is shown for false or true-positive and false or true-negative identification of both peat and non-peat. Figure 1 shows, therefore, that the 'peat true' (output values for the peat class where the test site was peat) and 'peat false' (output values for the non-peat class where the test site was peat) are distributed more closely to the appropriate values than the corresponding 'true' and 'false' values for non-peat soil. This indicates that the neural network model was better at positively identifying peat than non-peat, which is logical because the intra-class variation of most input properties (topography, climate and spectral reflectance) would be greater for non-peat than for peat soil. What is not shown here is that the total weight given for non-peat soil over the mapped area (summed by grid cell) is larger than that for peat soil. This might result from the bias within the training dataset towards non-peat soil. Figure 2 shows the ROC curve for the two-output model. This curve lies well above the line that would be derived with random peat or non-peat attribution, and has an area under curve (AUC) value of 0.908; values over 0.9 are considered good in general. Table 5 gives the confusion matrix for the same model. Accuracy assessment of the three-class model (again trained with all 91 input properties) showed predictive accuracies of 68.1% (mineral), 61.3% (organomineral) and 81.8% (organic/peat). The overall prediction accuracy was 69.8%. Introduction of the additional organomineral class reduced overall accuracy and did not give particularly good results for that class. This seems to indicate that the input properties used were not good at discriminating organomineral soil classes.
Assessment of the use of component datasets
The results given above are for models trained with all 91 input properties, which gave the greatest accuracy for both the two-class and three-class models. Table 6 gives the results for all model types with different training data.
These results indicate that the covariate data alone produced better predictive accuracy than with Landsat 8 data alone for both classification systems. However, the combined data produced the best model results. Individually, several input variables had strong positive or negative effects (prediction weights increased or decreased greatly when the values of those input variables increased) on the prediction of peat when the peat or non-peat neural network model was subjected to a sensitivity analysis (Olden et al., 2004) . These results are given in Table 7 . The values are dimensionless and approximate the relative rate of change of the output variable in relation to each model input. Weights with absolute values greater than 0.05 are given in the table. Figure 3 shows the map of peat or non-peat that was generated with the combined model, together with the corresponding map of prediction confidence. The map shows a distribution of peat that agrees with the Scottish Soil Map; it identifies areas with a small or large presence of peat and can estimate the distribution of peat soil within soil mapping units of the Scottish Soil Map. Until now, this map has been able to provide only an estimate of the proportion of peat within a certain area, but unable to locate the peat itself unless the area is identified as 100% peat (Figure 4) . Examination of the uncertainty map shows that for large areas of peat and non-peat soil, the confidence is large. In areas where the topography is more complex, such as in the northwest of the country and some parts of the Cairngorms (the central Highlands), the confidence is smaller. Areas where the confidence is weak are also associated with boundaries between the two classes, or where the two classes are spatially mixed across relatively small distances. Figure 5 shows the map of predicted mineral, organomineral and organic soil classes across Scotland, together with the associated map of confidence in the predictions. The latter map shows large areas of large confidence, particularly for mineral soil in the northeast and coastal areas in the South and Central Belt. Organomineral soil is predicted with less confidence in general; peaty podzols were identified as organomineral more often than peaty gleys or peaty rankers. Organic (peat) soil was predicted with moderate to large confidence, in particular for the larger areas of peatland. Visual examination of several map unit polygons in the Scottish Soil Map showed that for the majority of peat-dominant and mineral-dominant polygons, the spatial distribution and proportional area of peat conformed to estimates by the soil surveyors who developed the soil map. For map unit polygons that were mixed peat and mineral classes, the proportional area mapped by the above approach was less accurate because of under-and over-estimates. The spatial distribution of peat in these polygons also tended to be inaccurate in relation to what would be expected when the topography was level, but was more accurate when polygons had mixed topography. In these cases, the model predicted peat in the flatter areas and mineral soil on the steeper slopes.
Mapping peatland classes
Discussion
Of the different models of peatland classification examined, one with a simple peat or non-peat distinction was the most accurate in terms of several statistical measures. Kempen et al. (2009) achieved a purity (user's accuracy, or precision as used here) of 58% for a soil map with ten classes including peat, whereas Kempen et al. (2015) achieved a purity of 66% for a three-class soil map of peat in the Netherlands. Although these results are not directly comparable with the current study in terms of classes and mapping rationale, they show that the mapping of peat in Scotland has been achieved with at least the same level of accuracy. There are few studies in the literature with which to compare the results described here, but the large degree of precision per class and large kappa coefficients indicate an improvement over the mixed mapping units of the current 1:250 000 soil map of Scotland.
Introduction of an organomineral class reduced the accuracy considerably and predictive accuracy was poor for that class (although it varied for different types of organomineral soil; peaty podzols were identified better than other types). Estimation of the thickness of an organic horizon directly rather than trying to identify soil with a considerable organic topsoil horizon might be a better approach, and one that is more amenable to digital soil mapping techniques than the 'hard' classification used for peat discrimination here.
Areas of peat were mapped, in general, with less confidence than areas of mineral soil; the confidence assigned to most of the peat areas is still greater than 0.5 and the accuracy with which peat was identified is greater than 90%. This appears to arise because for areas identified correctly as peat, the weight given by the model to non-peat soil is relatively large, whereas for areas identified correctly as non-peat, the weight given to peat soil is smaller.
Grid cells with smaller confidence and greater likelihood of incorrect classification tend to occur in areas that are transitional between peat and non-peat soil, and so are also larger in mapping units where the estimated proportion of soil that is peat is 50%. The distinction between peat and non-peat is based on thickness of organic horizon, which suggests that as the thickness of the organic horizon approaches the threshold of distinction (from either side), it is more difficult to predict whether the soil is peat or non-peat. This reinforces the point made above that direct modelling of thickness of organic horizon would be beneficial.
This study has shown that integration of data from spatial covariates (topography, climate and so on) with remotely sensed data can improve the accuracy with which peat is mapped. The accuracy decreased slightly for the spatial covariates only, but the use of remotely sensed data alone was the worst option of the three. Landsat 8 data were used in this research, which might not be the best remote sensing option for mapping peat. The MODIS data, for example, which have a coarser spatial resolution but more spectral bands (i.e. higher spectral resolution at visible wavelengths and additional bands in the 3-4 μm range) might be more suited to the detection and estimation of soil moisture and organic matter status (e.g. Poggio et al., 2013) .
The modelling approach used here not only provides estimates of the spatial area of peat that match the area estimates given to individual soil map units, but also disaggregates this peat distribution, predicting peat at locations within these map units that are compatible with peat formation processes.
The large number of input properties used in the neural network model is possibly unnecessary; this will be investigated in further research. Several of these input properties are strongly correlated with one another, therefore it will be possible to reduce the size of the input dataset, and reduce the complexity of the trained model. In particular, the number of climate input properties (24) could probably be reduced considerably. This and other simplifications of the model would enable the significance of individual properties in relation to organic soil formation in Scotland to be analysed. It would also reduce potential issues from the large number of input properties in relation to the number of data points, which can lead to overfitting of the model unless one is careful. Further work will also include validation of the predictons against additional field observations to make statistical evaluation of the approach more robust.
Conclusions
Peat distribution across Scotland was mapped with considerable confidence in the predictions in most areas. The best method was one that combined remotely sensed and environmental spatial covariates, and that used a binary peat or non-peat classification. Confidence was less and errors were larger in transitional areas between peat and non-peat soil, and in areas with more spatially heterogeneous distributions of peat. Remotely sensed data cannot be used alone to map peat, but do provide useful information that can be integrated with other datasets. Further work on model improvement and simplification is ongoing.
